[1] An assessment of aerosol-cloud interactions (ACI) from ground-based remote sensing under coastal stratiform clouds is presented. The assessment utilizes a long-term, high temporal resolution data set from the Atmospheric Radiation Measurement ( (5) updraft velocity, and (6) the scale and resolution of observations. The sensitivity of the local, diurnally averaged radiative forcing to this variability in ACI N values, assuming an aerosol perturbation of 500 cm À3 relative to a background concentration of 100 cm À3 , ranges between À4 and À9 W m
Introduction
[2] The cloud albedo effect is the increase in cloud reflectance that occurs as a result of an increase in aerosol concentration for clouds of equal liquid water [Twomey, 1974 [Twomey, , 1977 . The microphysical response associated with the albedo effect is characterized by enhanced cloud drop number concentrations and smaller cloud drop sizes which leads to higher cloud reflectance. Secondary effects of aerosol on clouds are characterized by a suppression of precipitation [Albrecht, 1989] , enhancement in evaporation [Wang et al., 2003; Xue and Feingold, 2006; Jiang et al., 2002] , as well as general microphysical-dynamical feedbacks associated with the boundary layer and freetropospheric cloud system [e.g., Stevens et al., 1998; Ackerman et al., 2004] . The nature and magnitude of these effects are highly uncertain.
[3] Representation of the albedo effect in global-scale climate models has produced a negative (cooling) global, annually averaged radiative forcing estimate of À0.7 W m À2 with an uncertainty of 1.5 W m À2 [Forster et al., 2007] . This radiative forcing carries the greatest uncertainty of all climate forcing mechanisms reported by the Intergovernmental Panel on Climate Change Fourth Assessment Report (IPCC AR4). Radiative forcing, as defined by the IPCC, is the net change in irradiance at the tropopause after stratospheric equilibrium is reached, but with a fixed tropospheric state [Ramaswamy et al., 2001] . Secondary aerosol-cloud effects are consequently relegated by IPCC to feedbacks or ''responses'' in the climate system as opposed to the ''radiative forcing'' of the albedo effect [Forster et al., 2007] . Understanding the albedo effect in its own right is required for improving radiative forcing estimates. Therefore, in this paper, we examine aerosol-cloud interactions (ACI) during an intensive observation period at Pt. Reyes, California, United States, to elucidate the mechanisms and uncertainty related to measures of the albedo effect and implications for local-scale radiative forcing in coastal stratus clouds.
[4] Numerous field studies have corroborated the theory that cloud radiative and/or microphysical properties respond to an increase in aerosol concentrations [Conover, 1966; Ramanathan et al., 2001; Feingold et al., 2003; Twohy et al., 2005 , and references therein; Kim et al., 2008] . The existence of the albedo effect is not in question, however, the quantification of this process as it varies under different environmental conditions and with different observational approaches is not well characterized and results in persistent and large uncertainties in forcing. Outstanding questions include: To what extent are various measures of ACI robust and consistent? What are the factors affecting the magnitude of ACI (e.g., cloud type, water phase, dynamics, aerosol composition and size)? Is the variability in metrics of ACI found in the literature due to physical processes, measurement uncertainties, observational approaches, or a combination of all of these?
[5] Aerosol-cloud interactions have been examined empirically using several different variables to represent cloud microphysics (e.g., optical depth, drop effective radius, drop number concentration) and various proxies for aerosol amount (e.g., optical depth, light scattering coefficient, cloud condensation nucleus CCN number concentration). Additionally, these observations have been made from an array of different instruments that reside on various platforms. Measurements are commonly made in situ at the surface or from aircraft and by ground-, aircraft-, and spacebased remote sensing. Differences in perspective as well as mismatched sampling in space and time will result in variability and error in the characterization of aerosol-cloud interactions. For a wide range of aerosol concentrations and cloud liquid water, local radiative forcing (under conditions of total cloud cover) can range from approximately À1 to À60 W m À2 [McComiskey and Feingold, 2008] . Understanding the relationships among these various measures is a necessary first step toward understanding the natural variability of the processes in different environmental conditions as distinct from measurement error. A quantitative characterization of aerosol-cloud interactions on processlevel scales is necessary for reducing the uncertainty in associated radiative forcing estimated by global-scale climate models.
[6] Here we focus on variability and uncertainty in ACI measures and the resulting radiative forcing from groundbased remote sensing observations under coastal stratus cloud. These clouds are typically characterized by lower liquid water and drop number concentrations than more highly convective cloud types, and have been shown to be more susceptible (in terms of an albedo response) to changes in aerosol [Platnick and Twomey, 1994] . Kim et al. [2003] suggested that the less complex meteorological conditions in which they exist may also predispose stratus to an enhanced albedo response. Their complete cover provides for continuous measurement of cloud microphysical properties from remote sensing without the 3D radiative effects of broken clouds [Barker, 2000; Kassianov et al., 2005] . Ground-based remote sensing and in situ observations are used to examine aerosol-cloud interactions during the Pt. Reyes study within nonprecipitating clouds only, to avoid ambiguities in the relationships between aerosol and cloud microphysics. Some comparisons with airborne in situ observations are presented in comparison to groundbased observations. Finally implications for uncertainties in estimating the radiative forcing of the albedo effect will be presented. While aerosol-cloud interactions have implications for longwave radiative forcing [e.g., Lubin and Vogelmann, 2006] , we only address shortwave radiative forcing.
Framework for Calculations
[7] The microphysical component of the albedo effect can be detected using several related cloud microphysical properties: cloud optical depth t d , cloud drop effective radius r e , and cloud drop number concentration N d . As aerosol concentration increases, N d increases and r e decreases, thus increasing t d through stronger backscattering from more, and smaller cloud droplets (for a constant cloud liquid water path (LWP)). The albedo effect, expressed as ACI x , where x 2 {t, r, N} (representing t d , r e , and N d , respectively) can be defined by the following equalities [Feingold et al., 2001] :
where a is an observed proxy for aerosol amount. Note that ACI t , ACI r , and ACI N values are bounded by 0-0.33, 0 -0.33, and 0 -1.0 respectively, reaching the maximum absolute values if all aerosol particles are activated to droplets. We use the term ''ACI'' rather than ''albedo effect'' or ''indirect effect'' to differentiate the fact that the ACI metrics are associated with microphysical responses, rather than radiative forcing.
[8] Theoretical relationships among the above variables, r e / LWP/t d [Stephens, 1978] and t d / N d 1/3 (at constant LWP) [Twomey, 1977] , yield the equalities found in equation (1). However, robust empirical assessment of the magnitude of ACI, and the extent to which measurements conform to equation (1) over a range of environmental conditions is still lacking. Studies of this nature are required to reduce uncertainties in estimating the radiative forcing due to the albedo effect. Also lacking is the reconciliation of these measures across scales that result from observations on various platforms. We use independent observations of aerosol together with cloud microphysical properties derived from different methods to assess the magnitude of ACI and the extent to which these empirical measures are consistent with equation (1d).
[9] We stress that this is a simplified representation of the activation process and that other parameters such as aerosol size, composition, and updraft velocity w, also play a role in determining the ultimate magnitude of the Twomey effect. For example, Liu and Daum [2002] show that enhanced aerosol concentrations work to increase the dispersion of the cloud drop size distribution, which reduces the Twomey effect. While the importance of aerosol size and w to calculated ACI values are considered in section 4.2, they are not explicitly represented in the ACI calculations. The definitions of ACI in equation (1) and the theoretical bounds they assume primarily account for the effect of perturbations in aerosol concentration alone, however, the above factors may influence the magnitude of the albedo effect to a greater or lesser extent. Omission of one or several of these other factors may explain ''invalid'' ACI values, or those that fall outside of the stated bounds set forth in equation (1), a condition that is sometimes encountered in the analyses presented here.
[10] ACI is presented in each of the forms in equation (1) throughout the paper and the relevant form is indicated by the appropriate subscript (t, r, N) to remind the reader of the appropriate range into which the individual results fit. When examining the sensitivity of ACI to other variables, the form ACI N is often used for simplification because the N d À a relationship focuses on activation and has no fundamental microphysical relationship to LWP, except indirectly through correlations between cloud turbulence and LWP. In reality, however, N d is derived from LWP as discussed below, so that interpreting results achieved by sorting clouds by their LWP requires caution. [Miller and Slingo, 2007] provided a rich data set for assessing aerosol effects on coastal stratus. The deployment ran from mid-March through midSeptember 2005 on the ground, with a coordinated airborne campaign, the Marine Stratus Radiation Aerosol and Drizzle (MASRAD) Intensive Observation Period (IOP) during the month of July.
[12] The aerosol and cloud properties required for quantifying ACI as in equation (1) were available at Pt. Reyes from a suite of instruments and are summarized in Table 1 . Analyses depend strongly on an accurate record of cloud LWP that was made by a microwave radiometer (MWR) [Turner et al., 2007] . LWP observations suffered from a wet window problem earlier in the field deployment, therefore only data from late June through September are used here. LWP observations below 50 g m À2 were excluded to avoid very thin or broken cloud cover, as well as postprecipitation conditions. Observations above $150 g m À2 were excluded to avoid the bulk of precipitating clouds, although some cloud with LWP lower than $150 g m À2 may have precipitated to some lesser extent. In selected cases, a larger LWP range, 50 -300 g m À2 , is used to illustrate the effect of drizzle on ACI. Uncertainty in the MWR-retrieved LWP is approximately 15 g m À2 for the range of values encountered at Pt. Reyes [Turner et al., 2007] . Cloud optical depth, t d , was retrieved from the two-channel Narrow Field-of-View radiometer (2NFOV) at 1-s resolution [Chiu et al., 2006] and r e was derived from t d and LWP as in Table 1 . N d was derived from LWP and t d using the adiabatic assumption:
where C(T, P) is a known function of temperature T and pressure P. Where indicated, Twomey's semianalytical function [Twomey, 1959] is also used:
where c and k are related to the concentration and slope of a Junge aerosol size distribution, (or equivalently, the fit parameters of a supersaturation activation spectrum), B is the beta function, w the updraft velocity, and f 1,2,3 (T, P) thermodynamic functions of T and P. Equation (2) is based on knowledge of LWP and t d , while equation (3) also assumes adiabaticity and requires knowledge of CCN parameters and w (measured here by a vertically pointing Doppler cloud radar). Equation (3) is inherently a more stable retrieval of N d than equation (2) because it is strongly dependent on aerosol parameters (c, k) that tend to change relatively smoothly. Use of equation (2) can become unstable at times because it depends directly on two measured cloud parameters with their inherent errors.
[13] Note that corrections to equations (2) and (3) to account for subadiabaticity can be applied (
N d , where b is the ratio of LWP to the adiabatic LWP) but have not been made because of the general difficulty in determining cloud base T when soundings are unavailable. However, the fact that these clouds are known to achieve liquid water contents that are close to adiabatic [e.g., 
Stephens [1978] .
b C(T, P) = a known function of cloud base temperature T and pressure P; relationship based on adiabatic assumption. Brenguier et al., 2003] suggests that this will not significantly affect the empirical relationships from these large data sets. All cloud parameters are interpolated to the 20-s temporal resolution of the MWR, which is used as a base resolution to which all other properties are interpolated and time-synchronized.
[14] Note that whereas some previous studies have used radar and microwave radiometer retrievals of r e that are not limited by time-of-day, the current study relies on t d measurements for all of ACI t , ACI r , and ACI N . We therefore limit our analysis to daylight hours and reasonably high solar zenith angles. The relative merits of radar reflectivity versus t d retrievals of r e are discussed by Feingold et al. [2006] .
[15] To represent aerosol, in situ observations at the surface from the Aerosol Observation System (AOS) [Sheridan et al., 2001; Delene and Ogren, 2002] were used. At Pt. Reyes throughout the time period of analysis, a wellmixed boundary layer ensured that surface observations were representative of the aerosol aloft and that interacted with cloud. The AOS takes in air from a tower over the site for in situ sampling of several aerosol optical properties and is heated to obtain measurements at a relative humidity of no more than 40%. Total aerosol light scattering s s is measured by an integrating nephelometer (TSI Model 3563) at wavelengths of 450, 550, and 700 nm. Scattering at 550 nm is used here while the spectral information is used to determine an Å ngström exponent å (Table 1) ; å is related to the shape of the aerosol size distribution and can be used as a proxy for aerosol size information and is, in fact, also proportional to k in equation (3). From these measurements the aerosol index AI, the product of the scattering and Å ngström exponent, is calculated. Nakajima et al. [2001] suggested that ACI may be more sensitive to AI than measures of aerosol optical depth alone, owing to increased sensitivity to particle size. Uncertainties in the aerosol light scattering measurements are approximately 10% for the magnitude of scattering at Pt. Reyes [Jefferson, 2005; Anderson et al., 1999] .
[16] Aerosol optical properties were originally collected at 1-min resolution on a 30-min cycle that oscillates between < 10 mm and < 1 mm aerosol particle diameter size cuts. For this study we use the < 10 mm size cut data and interpolate across the 30-min gaps, using the variability information in the < 1 mm aerosol observations to produce a continuous 1-min temporal resolution time series of each aerosol property. This continuous 1-min resolution data set is then interpolated to the base 20-s resolution of the MWR. [17] A CCN counter by Droplet Measurement Technologies, Inc. (DMT) measured CCN number concentration N CCN , by scanning through a range of supersaturations (0.18 -1.37%) every 30 min. By definition, the size of the aerosol particles that are activated varies by supersaturation with the largest particles being activated at the lowest supersaturations for a given solubility. Interpolated CCN data are produced on the basis of the relationship between the measured CCN concentrations with increase in supersaturation, S: N CCN = cS k [Twomey, 1959] , where fit parameters c and k (equation (3)) are calculated for each 30-min scan. N CCN is calculated on the basis of a given S of 0.55% for each half hour and these values are interpolated down to 20-s resolution. This method of interpolating the CCN data does not preserve the higher temporal variability of the 1-min aerosol optical properties and is dependent on a prescribed S. While cloud microphysical properties can vary on the short timescales that we examine here, aerosol properties tend to vary on relatively longer timescales [Anderson et al., 2003] , therefore the reduction in resolution of the aerosol data will not likely affect the sensitivity of the calculations of ACI.
[18] Figure 1 shows a subset of the variables used in ACI calculations from Pt. Reyes on September 3, 2005 at 20-s resolution. This particular time period illustrates the effect of aerosol on cloud microphysics exceptionally well. Cloud optical depth tracks the LWP to first order, as expected [Schwartz et al., 2002] , but some variability in the relationship exists. A proportion of this variability in t d can be explained by the effects of changing aerosol concentrations. As aerosol concentration increases (shaded area around 1700 to 1815 UTC), r e is seen to decrease. Isolated, ideal events such as these have often been used to quantify ACI. In order to generalize a quantified theory for inclusion into models, analyses are required that bridge temporal scales. The high-resolution, continuous time series of data from the ground-based measurements at Pt. Reyes provide a statistically robust data set for examination of ACI at different temporal scales. Here, data from the full field deployment are used in aggregate as well as for shorter timescales to assess the consistency of expected ACI measures in equation (1) across sampling scales for coastal stratus.
[19] Aggregate statistics for the Pt. Reyes field deployment are presented in Figure 2 as frequency histograms for each property used in ACI calculations. The mean and standard deviation of the properties are indicated above each histogram. Of course, observed variability in aerosol loading is required to detect the albedo effect. While the aerosol in general exhibits little variability on a daily basis, the data from the full deployment provides sufficient variability for quantifying ACI. The implicit assumption in deriving ACI from the aggregate data is that aerosol size distribution and composition are less important than aerosol number concentration in determining N d . This has been shown to be the case for relatively clean marine environments [Feingold, 2003] . The number of observations for the aggregate data set is approximately 21,000. In the next section we present the analysis of these data in aggregate followed by data sampled from shorter time periods. observations. An accurate quantification of the albedo effect requires that cloud LWP be held constant so that changes in available liquid water do not confound changes in cloud reflectance caused by increasing aerosol and decreasing drop sizes [Twomey, 1974; Schwartz et al., 2002] . Calculations of ACI t and ACI r are made by sorting t d , r e , and the aerosol properties into 10% increasing LWP bins (i.e., bin bounds are defined by LWP i+1 = 1.10 Â LWP i ) over the 50 -157 g m À2 range (the upper limit of the range at 157 g m À2 is that of the full 10% LWP bin including the assumed precipitation threshold of $150 g m
À2
). The number of observations falling into each bin is indicated in Figure 2 by the dashed lines. Only several of the bins are shown in Figure 3 for ACI t and ACI r . Since N d is calculated as a function of LWP the full aggregate data set is represented by the values shown for ACI N .
[21] The range of values for ACI t , 0.05 -0.16, is broadly consistent with previous findings from ground-based remote sensing in stratiform clouds. Kim et al. [2008] found ACI r values between 0.04 and 0.17 in continental stratus from a 3-year study over the DOE ARM Southern Great Plains site in Oklahoma. At the same site, Feingold et al. [2003] derived ACI r values of 0.02-0.16 for a set of seven cases. In the Arctic, Garrett et al. [2004] found ACI r of 0.13-0.19 from similar instrumentation as was used here. Airborne, in situ, campaigns in stratiform clouds at several different locations [Ramanathan et al., 2001 Table 2 with the Pearson product-moment correlation coefficient, r, and the coefficient of determination, r 2 . The slopes of each of the nine measures of ACI presented here are significant at a 99% probability level based on a student's t test, owing to the large number of samples from which they are calculated.
[23] The three cloud microphysical properties presented are not all independent measurements, which explains some of the consistency observed across measures. For example, the relationship r e $ LWP/t d ensures that ACI r and ACI t are the same if data are sorted by LWP. This provides verification that cloud microphysical properties derived as per the relationships in Table 1 can be used interchangeably when examining aerosol-cloud interactions. Note however that ACI t does constitute a set of three independent measures (t d , LWP and a) and as such is the preferred way to derive ACI for this study, all else being equal. In general, ACI t is also preferred because it provides a more direct link to the cloud radiative response by which the Twomey effect is defined owing to the relationship between t d and albedo. As stated in section 2, we present results in several cases in the form of ACI N (avoiding the necessity of sorting by LWP) in order to simplify the presentation when sorting by variables other than LWP. Within the aerosol measurements N CCN and s s are independent.
[24] An examination of the correlation coefficient shows that a stronger association exists between CCN concentrations and changes in cloud microphysics, r = 0.37, than for aerosol light scattering, r = 0.25, despite the fact that the scattering data are collected at a higher temporal resolution. Consideration of the aerosol size information using AI increases the association to r = 0.39. The ability to substitute AI as a proxy for direct CCN measurements without loss of sensitivity to ACI is extremely useful since multiwavelength light scattering measurements are widely available. The coefficient of determination, r 2 , suggests that between 6% and 15% of the variability in cloud microphysical properties may be explained by changes in aerosol concentrations for the different proxies presented.
Dependence on LWP
[25] While the averaged values for ACI are consistent within the different forms, individual values over the range of LWP bins vary considerably (Figure 3) . Over the range of LWP for stratiform clouds at Pt Reyes, 50 -300 g m À2 , which may include nonprecipitating and precipitating clouds, no dependence of ACI calculated for the 10% increasing LWP bins is found (Figure 4) . However, if only lower LWPs (<150 g m À2 ) are considered, representing clouds that are most likely nonprecipitating, a reduction in ACI with increasing LWP is clear. To explore the reasons for this trend, we consider the fact that, all else being equal, an increase in LWP is accompanied by an increase in drop collision-coalescence and reduction in N d . The right ordinate of Figure 4 shows that, as expected, N d decreases with increasing LWP. Therefore collision-coalescence likely obscures the magnitude of ACI associated with drop activation at the higher LWPs. Even in the absence of precipitation there is a need to consider the effect of processes other than activation on ACI. At LWP > $150 g m À2 and in the presence of precipitation, aerosol is scavenged from the atmosphere, resulting in highly variable, and even negative ACI (Figure 4 ) possibly due to the small range of aerosol concentration. The effects of a limited range of aerosol concentration on calculating ACI are examined later in section 4.3 and Figure 11 .
[26] If the constraint of constant LWP is ignored, large differences in calculated ACI can occur if a significant range in LWP exists. Variations in t d driven by processes other than increased aerosol concentrations will also drive variation in LWP and will decrease the sensitivity of equation (1) if an analysis lumps all LWP values. This is illustrated in Figure 5 . The aggregate data from Pt. Reyes show that for ''lumped'' LWP (all data with LWP ranging . Under the latter conditions, ACI t is more reflective of scavenging processes than aerosol effects on cloud microphysics. from 50 to 300 g m À2 ), ACI t = 0.06 whereas for the data sorted into LWP bins the average ACI among the bins is 0.16. If the LWP range is limited to lower values (all data with LWP ranging from 50 to 157 g m À2 ), as in Figure 5b , the lumped ACI t = 0.18, is similar to the value of the binned data. This finding has important implications for measurements used in characterizing ACI that have vastly different scales and resolutions. For example, a sensor with a large spatial footprint or temporal averaging period precludes the ability to sort by LWP, leading to biases in ACI. This concept is further illustrated in section 4.3.
N d Retrievals
[27] Differences in retrieval methods for aerosol and cloud properties can contribute to uncertainty in ACI. Variation in ACI for N d derived by three common approaches is shown in Figure 6 . In situ airborne observations from the Marine Airborne Stratocumulus Experiment (MASE) of N d were collected over the Pt. Reyes field site in July 2005 [Lu et al., 2007] resulting in an ACI N value of 0.56. The values from the ground-based data set are 0.52 for the N d (adiabatic, equation (2)) and 0.43 for the N d,T (Twomey, equation (3)) retrievals. Despite some temporal mismatch in the two data sets, the average ACI N values between the airborne and ground-based observations are comparable.
[28] Boers et al. [2006] and Bennartz [2007] showed that space-based remote sensing, using the MODIS sensor, could be used to reliably monitor N d concentration and its relationship to cloud albedo and cloud geometric thickness. The results in Figure 6 are the first evidence that groundbased remote sensing can also provide robust measurement of aerosol effects on cloud microphysics in (close-to-) adiabatic clouds. Use of an independent and directly measured microphysical property, such as t d in the case of the Pt. Reyes deployment, is preferred for assessing aerosolcloud interactions (for reasons described above), however, these results indicate that ACI N derived from different N d retrievals shows consistency with ACI derived from optical depth observations and can be used when more direct measurements are not available, provided clouds are close-to-adiabatic.
Natural Drivers of ACI Variability
[29] The values for ACI in Figure 3 are physical and consistent with other observations, yet are somewhat less than what might be expected according to common assumptions regarding the number of particles within a population that become activated. Twomey [1974] provided a rough estimate of ACI N = 0.8, Pruppacher and Klett [1997] and Feingold [2003] suggested ACI N = 0.7, while the observations from Pt. Reyes are closer to ACI N = 0.5. Studies have shown that ACI is sensitive to natural variability in aerosol properties such as concentration, size and chemistry [Feingold et al., 2001] , cloud dynamical processes [Kim et al., 2008] and other meteorological parameters such as updraft velocity . Dusek et al. [2006] found that the aerosol size distribution accounted for approximately 90% of the variability in activated CCN concentrations, with little influence due to composition. Modeling by Feingold [2003] and Ervens et al. [2005] showed that for internally mixed aerosol, composition has a relatively small effect on droplet activation, except perhaps under very polluted conditions and small w. Sensitivity to these factors, and others is explored below.
Activation and Collision-Coalescence
[30] It has been shown here that in addition to the above factors, one must also consider the influence of drop-drop interactions such as collision-coalescence (Figure 4) . By reducing N d , this process obscures the direct link between N d and N a associated with activation. The rather low ACI N at Pt. Reyes could well reflect an active collision-coalescence process (even for nonprecipitating clouds) rather than a low activated fraction.
Aerosol Size Distribution
[31] From the set of observations at Pt. Reyes we can examine the sensitivity of ACI to aerosol size through the Å ngström exponent. Sensitivity of ACI N when the data are sorted by values for å is shown in Figure 7a . For å > 1, indicative of smaller particles, ACI N = 0.36 is smaller than the ACI N = 0.48 for the aggregated data, as these smaller particles require higher supersaturations to activate. When larger particles only are considered, å < 1, ACI N = 0.63 is much higher than the aggregate value of 0.48.
Updraft Velocity
[32] Sensitivity of ACI N to cloud turbulence is shown in Figure 7b . Higher supersaturations as a result of stronger w account for greatly increased ACI values; ACI N = 0.58 for w > 0.5 m s À1 and ACI N = 0.69 for w > 1.0 m s
À1
. This result is in accord with Leaitch et al. [1996] and Feingold et al. [2003] , who found a correlation of 0.67 between column maximum updraft and ACI r . Other cloud dynamical effects or feedbacks may also affect the number of activated particles but are not considered here.
Adiabaticity
[33] Kim et al. [2008] used a measure of cloud adiabaticity to represent entrainment-mixing processes in order to determine its effect on variability in cloud optical properties and aerosol-cloud interactions. That study showed that the albedo effect is more significant in adiabatic clouds. Determination of cloud adiabaticity requires cloud base temperature, a robust measurement of which is available at Pt. Reyes only from balloon-borne soundings every 6 h. Adiabaticity is calculated here for 1-h periods straddling the time of the relevant daytime soundings (typically 1730 UTC and 2330 UTC) within the available aggregate data set. Figure 8 shows the relationship between adiabaticity, b, and ACI t . Periods for which an ACI was calculated but the adiabaticity did not fall between 0 and 1.2 are shown as b = 0. A dependence is evident if all values for ACI t are considered (all symbols); however, for results that fall within the ACI t bounds between 0 and 0.33 (gray symbols) no dependence is evident. ACI values that do fall within these limits range from 0 to 0.28, almost the full theoretically plausible range. It is possible that since most of the clouds observed at Pt. Reyes are close-to-adiabatic, the sensitivity of ACI to adiabaticity is weak. Using such a limited data set to quantify aerosol-cloud interactions can also introduce error, leading to theoretically implausible results, as discussed in the next section.
Sensitivity of ACI to Scale and Resolution 4.3.1. Effects of Observational Scale
[34] Consistently relating the optical and microphysical properties of aerosol and cloud requires knowledge of the scales over which the individual properties vary and how [35] To illustrate the effect of scale on uncertainty in ACI estimates, we consider, theoretically, the relationship in scale between ground-based and satellite-based estimates of ACI. We use Taylor's frozen field hypothesis that implies the equivalence of spatially and temporally lagged autocorrelations. Lag-autocorrelations using the same data from Figure 5a (i.e., including high LWP) are shown in Figure 9 for daily data over a range of lag times up to 1 h. The mean of the autocorrelations over all of the days is depicted by the solid line and one standard deviation from the mean is represented by the shaded envelope. The autocorrelation is overlain with the temporal equivalent of the ground-based spatial scale marked ''point'', and satellite-based spatial scales of 1 km and 36 km. These spatial scales are defined using a 5 m s À1 wind velocity for a 1 km sensor pixel (MODIS equivalent). At the temporal (spatial) scale of a 200 s (1 km) pixel from space-based imagery (e.g., MODIS), there is a considerable amount of variability. The 36 km pixel denotes the point at which the autocorrelation reaches approximately zero.
[36] At the scale of the satellite-based observations, it is clear that averaging occurs over a wider range of LWP values than at the resolution of ground-based observations. The incorporation of data at larger spatial scales increases the chance of the occurrence of drizzle, which tends to have a spatial scale of 10 km in stratocumulus [Paluch and Lenschow, 1991] . This could result in significant reductions in ACI, as demonstrated by Figures 4 and 5. On the other hand, if conditions over the scale of the satellite sensor resolution are homogeneous, averaging would not affect ACI in this manner. Many satellite-based analyses average finer-scale measurements (e.g., 0.5 to 1 km) to products of 150 km or greater [e.g., Chameides et al., 2002; Kaufman et al., 2005; Quaas and Boucher, 2005] , incorporating data over larger scales than those represented with the groundbased observations here. The implications for model parameterizations based on space-based observations of ACI is that these parameterizations may tend to underestimate radiative forcing, as illustrated further in section 4.4.
Variability in Aerosol
[37] The aggregate measures of ACI from this large sample of high temporal resolution observations made at Pt. Reyes produce results that are statistically robust. However, such data sets are rarely available, especially at a sufficient number of representative sites over the globe, and covering a diverse set of cloud types. Typically, observations at high temporal resolution are collected during short-term intensive observation periods at a single site, or satellite-based observations are used to obtain regional or even global-scale information with sacrifices in resolution. When data sets from the Pt. Reyes deployment with reduced scale and resolution are used, a high level of variability occurs in ACI measures.
[38] Figure 10 presents the ACI measures from equation (1) as in Figure 3 but for data from one day only, 3 September 2005 that is shown in Figure 1 . As discussed in section 2, this day illustrates the albedo effect quite well. If we use the ACI N value for reference, 0.51, the result is typical, and the consistency among the different measures found in the aggregate data set is maintained. The correlation coefficient for ACI N is 0.5, an increase over that for the aggregate data, and the slopes of the ACI calculations are each significant at the 99% probability level according to the student's t test. The majority of individual days from the Pt. Reyes deployment, however, do not produce results that are consistent with the aggregate data.
[39] Figure 11 shows the range of ACI N calculated from daily data sets available from late June through September during the Pt. Reyes deployment. ACI N is plotted as a function of the dispersion of aerosol data for that particular day, specifically the percent standard deviation s of the mean m of the CCN concentrations, (s/m)*100. Results that fall within theoretical bounds (0 -1.0), indicated by the gray symbols, are obtained more frequently when the dispersion in the aerosol data is high enough for the effect on cloud microphysical properties to be detected. This reflects the fact that the calculation of ACI N slopes is more robust when aerosol concentration exhibits a higher degree of variability. The range of ACI N values within the physical limits of 0.0-1.0 is from 0.04 to 0.92. A large variability in N CCN is, however, not a sufficient condition for theoretically reasonable values of ACI; there are a number of fairly large N CCN standard deviation points associated with values of ACI less than zero and greater than one. As discussed earlier, failure to account for factors other than aerosol concentration such as aerosol size distribution, or physical processes such as advection, in addition to measurement and retrieval errors, may account for ACI values falling outside the range of these theoretical bounds. Several factors contribute to the difficulty in quantifying ACI with much accuracy for such small subsets of the data. For example, during the short time periods of 1 h near radiosonde soundings, the variability in measures of aerosol is typically very low and the response of cloud microphysical properties to changes in aerosol concentrations is difficult to detect. Cloud dynamical processes (e.g., a mixing of cloud microphysical properties advected into the view volume) may also be dominant during these short time periods, obscuring aerosol-cloud interactions. As illustrated in Figure 9 , averaging observations of individual cloud properties over space and time can bias characterizations of aerosol-cloud interactions. Averaging over time may also reduce the magnitude of the association between aerosol and cloud properties by correlating aerosol and cloud properties that are not coincident in space or time. Cross correlations between drop number concentrations and aerosol properties, illustrated in Figure 12 , are determined for the Pt. Reyes data for a time lag from 20 s to 30 min using a lag step of 20 s. The cross correlations fall off quickly over a period of 30 min. Averaging or sampling aerosol and cloud properties over longer periods of time will Figure 11. ACI N calculated for daily data from the Pt. Reyes deployment available between late June and September as a function of aerosol concentration dispersion for that day. Gray symbols represent results that fall within the bounds of equation (1) for ACI N (0 -1).
result in lower sensitivity in detecting aerosol-cloud interactions and bias when calculating ACI. The choice of isolated or idealized events to characterize aerosol-cloud interactions may also bias results depending on the particular conditions, as shown in the range of ACI values presented throughout this paper. High temporal resolution observations are preferred as they represent the scale of relevant processes, but a large number of data points are required to account for the variability in calculated ACI due to the various factors discussed here. Therefore continued examination of such data sets over a wide range of climate regimes is needed to reduce uncertainty in the calculated radiative forcing of the albedo effect. Characterizing the factors driving variability in ACI will also provide for more appropriate ACI parameterizations.
Implications for Radiative Forcing
[41] Estimates of the global radiative forcing of the albedo effect are routinely made by general circulation models (GCM), using parameterizations based on either empirical observations or physically based relationships that determine N d from aerosol concentrations. Uncertainty in the forcing estimate is introduced into the model results as a function of uncertainty in the approach used to represent this relationship. For example, linear fits from satellite observations differ depending on the sensor type and resolution [e.g., Nakajima et al., 2001; Lohmann and Lesins, 2002; Sekiguchi et al., 2003 ] and deterministic relationships operating within coarse global-scale model grid cells do not represent with accuracy the variation across space in aerosol, cloud microphysical properties, and other factors such as updraft velocities that drive variation in aerosol-cloud interactions [Forster et al., 2007] . We present the range in the local radiative forcing at Pt. Reyes that results from the range in ACI values determined above as a function of varying observational approaches or naturally varying aerosol and meteorological parameters. This allows for an indication of the relative importance and magnitude of these parameters in the uncertainty they produce in radiative forcing estimates.
[42] Local radiative forcing at the top of the atmosphere (TOA) is calculated for mean conditions over the Pt. Reyes deployment. Forcing is defined as the difference in TOA flux associated with an aerosol perturbation of N CCN = 500 cm À3 relative to N CCN = 100 cm À3 , the latter a concentration assumed to represent preindustrial conditions. Local forcing assumes complete (100%) cloud cover at a point and a cloud LWP of $120 g m
À2
. Values of N CCN = 500 cm À3 and LWP = 120 g m À2 are approximate averages for the Pt. Reyes deployment (Figure 2) . The curve in Figure 13 represents the change in the local TOA forcing as a function of the change in ACI t (or ACI r ) for these mean conditions. For example, an ACI = 0.05 produces a forcing of À3.5 W m À2 whereas an ACI = 0.15 yields a forcing of À12.0 W m À2 , a difference of 8.5 W m
. Other parameters assumed in the calculations were chosen to represent neutral solar conditions and other local conditions; the solar zenith angle is fixed at 45°, the radiative quantity represents the diurnal average of the fluxes on the equinox, the surface albedo is set at 0.15, and cloud base height at 300 m.
[43] The changes in local TOA forcing that result from the change in ACI due to the varying parameters illustrated in Figures 5 -7 are summarized in Table 3 . For the set of observations collected for coastal stratiform clouds during the Pt. Reyes deployment, neglecting to constrain ACI calculations by constant LWP, given a large LWP range (50 -300 g m À2 in this case), has the largest impact on radiative forcing, as discussed in section 4.3.1. This result has implications for using satellite observations to parameterize GCMs for aerosol-cloud interactions, with possible underestimation of the radiative forcing in conditions of appreciably varying LWP. Conversely, the implications of using surface remote sensing estimates of ACI versus airborne in situ estimates is a relatively small 4.7 W m À2 . Accounting for varying updraft velocity is important for determining the magnitude of the albedo effect and its , the latter assumed as a background or preindustrial aerosol concentration.
radiative forcing, as well as aerosol size. Failure to consider these drivers in variability in ACI may result in errors in local radiative forcing of up to about 9 W m À2 for the assumed aerosol perturbation at this site.
[44] The radiative forcing calculations presented here are intended to illustrate the relative magnitude and the order of magnitude of the different factors that result in variability in quantifying aerosol-cloud interactions. The absolute values of the forcing are strongly dependent on the concentrations chosen for the forcing definition, i.e., 500 cm À3 and 100 cm À3 as well as other model parameters such as solar geometry and surface albedo. Radiative forcing of the albedo effect for a broader range of conditions can be found in the work of McComiskey and Feingold [2008] . The results presented here represent local-to regional-scale conditions and cannot be simply extrapolated to a global average forcing. While global average forcing calculations typically result in smaller absolute values than those reported here [e.g., Forster et al., 2007; Lohmann et al., 2007] , the same factors will contribute to uncertainty in calculating the radiative forcing of the albedo effect.
Summary and Conclusions
[45] In previous studies, measures of microphysical and optical responses of clouds to aerosol perturbations have been derived from a wide range of instrumentation and observational approaches, as well as over a range of climate regimes. Consequently, the range in measures is large and yields much uncertainty. Accurate quantification of the albedo effect requires an understanding of the uncertainties, biases, and drivers of variability in these measures.
[46] We have used a statistically robust data set for assessing aerosol effects on coastal stratiform clouds from the DOE ARM Pt. Reyes deployment on the California coast to examine variability in empirical measures of aerosol-cloud interactions (ACI) that result from different observational approaches and varying environmental conditions. The average ACI N (= dlnN d /dlna; equation (1)) for this data set is 0.48 with an r 2 of 0.14, suggesting that changes in aerosol concentrations account for 14% of the variability observed in cloud microphysical properties. This finding is consistent with those from other regions that use ground-based observations to quantify ACI.
[47] Measures of ACI for coastal stratiform clouds based on cloud optical depth, drop size, and droplet concentration response to aerosol perturbations (equation (1)) show consistency among the different forms of ACI typically used to quantify albedo effect. Depending on available observations, these forms can be substituted for one another. However, the use of ACI t (= @lnt d /@lnaj LWP ) is recommended because it is closely related to albedo, and because it derives from independent measurements (t d and a) and can therefore be unambiguously sorted by LWP. This is not true for ACI r (= @lnr e /@lnaj LWP ) because r e is calculated from t d and LWP.
[48] Variability in ACI values has been characterized as a function of environmental and observational conditions. ACI was found to have a dependence on (1) the assumption of constant LWP, (2) the value of LWP, (3) methods for retrieving N d , (4) aerosol size distribution, (5) updraft velocity, and (6) the scale and resolution of observations.
[49] From this assessment of ACI that employs a large set of high temporal resolution data from ground-based remote sensing the following key results emerge:
[50] 1. ACI based on ground-based measures of N d are found to be consistent with in situ airborne measures for the MASE field experiment, suggesting that ground-based remote sensing can be used reliably when direct observations are not available, provided sufficiently large samples are available, and that aerosol size and composition are not strong determinants of ACI over the sampling period.
[51] 2. Use of various aerosol parameters that represent droplet activation, represented by a, such as CCN concentration, light scattering, and aerosol index indicates that ACI based on the aerosol index produces similar results to those using CCN concentration. Use of light scattering alone, without aerosol size information, reduces the magnitude of ACI.
[52] 3. In agreement with earlier work, ACI increases with increasing updraft velocity.
[53] 4. ACI is lower in clouds with higher LWP. The latter have more active drop coalescence, which reduces N d below the concentration of activated drops. Low values of ACI reflect the net effects of drop activation and collisioncoalescence, rather than just activation, as is usually assumed. At high LWP (>$150 g m À2 ), the strong variability in ACI reflects precipitation scavenging of aerosol and therefore the effect of cloud on aerosol, rather than aerosol effects on clouds.
[54] 5. Averaging of ACI over large spatial domains tends to decrease ACI because of (1) degradation in correlation between aerosol and cloud fields at increasingly larger scales and (2) inclusion of LWP variability that inherently reduces ACI because of the probability of high LWP and high rates of drop collision-coalescence.
[55] 6. We do not see a clear dependence of ACI on liquid water content adiabaticity in the limited data set available here.
[56] The ACI N = 0.48 derived for the aggregate Pt. Reyes data set implies a local radiative forcing of approximately À13 W m À2 (top-of-the-atmosphere) for the measured average CCN number concentration of 500 cm À3 relative to an assumed 100 cm À3 background. Implications of ACI variability for radiative forcing over broader parameter space (LWP and aerosol perturbation) can be found in the work of McComiskey and Feingold [2008] .
[57] The above dependences of ACI measures on the context in which they are calculated has implications for developing parameterizations for modeling the albedo effect and its radiative forcing on a global scale. Accounting for these factors will lead to more appropriate model parameterizations and more accurate estimates of the radiative forcing of the albedo effect. For example, parameterizations that are flexible with respect to updraft velocity rather than consisting of a single constraint for the number of activated cloud droplets would be more realistic. In the context of radiative forcing, variability in ACI due to these factors can cause differences in local forcing of approximately 5 to 9 W m À2 , depending on the factor that is considered. Reported uncertainties need to take into consideration different approaches and/or observational platforms and parameterizations should be sensitive to variability in aerosol and other dynamical parameters. This is a preliminary exercise in reducing uncertainty in the radiative forcing of aerosol indirect effects by indicating parameters that produce variability in the quantification of ACI. Future efforts to quantify the albedo effect for radiative forcing calculations should address the factors shown here for conditions in different climate regimes and on a global scale in order to reduce that uncertainty.
